With increasing amounts of anthropogenic pollutants being released into ecosystems, it becomes ever more important to understand their fate and interactions with living organisms. Microalgae play an important ecological role as they are ubiquitous in marine environments and sequester inorganic pollutants which they transform into organic biomass. Of particular interest in this study is their role as a sink for atmospheric CO 2 , a greenhouse gas, and nitrate, one cause of harmful algal blooms. Novel chemometric hard-modeling methodologies have been developed for interpreting phytoplankton's chemical and physiological adaptations to changes in their growing environment. These methodologies will facilitate investigations of environmental impacts of anthropogenic pollutants on chemical and physiological properties of marine microalgae (here: Nannochloropsis oculata). It has been demonstrated that attenuated total reflection Fourier transform infrared (ATR FT-IR) spectroscopy can gain insights into both and this study only focuses on the latter. From time-series of spectra, the rate of microalgal biomass settling on top of a horizontal ATR element is derived which reflects several of phytoplankton's physiological parameters such as growth rate, cell concentrations, cell size, and buoyancy. In order to assess environmental impacts on such parameters, microalgae cultures were grown under 25 different chemical scenarios covering 200-600 ppm atmospheric CO 2 and 0.35-0.75 mM dissolved NO 3 À . After recording time-series of ATR FT-IR spectra, a multivariate curve resolution-alternating least squares (MCR-ALS) algorithm extracted spectroscopic and time profiles from each data set. From the time profiles, it was found that in the considered concentration ranges only NO 3 À has an impact on the cells' physiological properties. In particular, the cultures' growth rate has been influenced by the ambient chemical conditions. Thus, the presented spectroscopic þ chemometric methodology enables investigating the link between chemical conditions in a marine ecosystem and their consequences for phytoplankton living in it.
Introduction
For predicting future environmental scenarios, it is crucial to investigate what chemical pathways anthropogenic pollutants released into ecosystems take and how these pollutants affect organisms living in these environments. As ubiquitous marine microalgae sequester large quantities of inorganic compounds out of an ecosystem for utilization to produce new microalgal biomass, they have a considerable impact on an ecosystem's chemical composition. [1] [2] [3] [4] [5] [6] This is of particular relevance as some of these inorganics are environmental pollutants such as atmospheric CO 2 , a a greenhouse gas, and nitrate, b one cause of harmful algal blooms. 7, 8 On the other hand, it has been observed [9] [10] [11] [12] [13] that the exposure of microalgae to different chemical environments has a considerable impact on the chemical composition of phytoplankton. Moreover, it is hypothesized here that not only chemical but also physical and physiological cell parameters are affected as well. As this potentially determines the rate of the cells' uptake of inorganic compounds and the resulting biomass production, investigating the relation between a chemical environment and microalgal biomass formation is of high relevance for understanding their sequestration performance regarding inorganic compounds/pollutants. This study and previous investigations 13 have developed innovative spectroscopic and chemometric hard-modeling methodologies 14 for studying how different chemical environments define microalgae's chemical and physiological parameters such as chemical composition, 13 cell size, cell concentration, growth rate, and buoyancy. As a model system, the marine species Nannochloropsis oculata has been selected for its known sensitiveness to ambient changes. 15, 16 To investigate the impacts of a chemical environment on microalgae formation and their chemical properties, N. oculata cultures were grown under 25 different combinations of nitrate concentrations dissolved into aqueous culturing media and CO 2 concentrations provided in the cultures' headspace. 13 A horizontal attenuated total reflection (ATR) setup had been chosen for probing the biomasses chemical composition by taking advantage of algae cells sinking to the bottom of this cuvette where they form a biosediment on top of the ATR crystal. This then enabled time-resolved, nondestructive, and in situ infrared (IR) analyses of live cells in their natural growing environment. 13 For each nutrient condition, a time series of ATR Fourier transform infrared (ATR FT-IR) ( Fig. 1) has been recorded and individually factorized into a spectroscopic signature, sñ ð Þ, and a time profile, b t ð Þ, by means of multivariate curve resolution (MCR). 17 While the former profile reflects the ambience-dependent chemical composition of the biomass, the latter describes the dynamics of the biomass accumulation on top of the ATR crystal. Thus, timeresolved ATR FT-IR gains insights not only into the chemical composition of the biomass but also in its formation and is thus adequate for studying the impacts of ambient conditions onto biomass and its formation. In Ogburn and Vogt, 13 the details have been outlined regarding the employed MCR method. First, since each culture was maintained under chemical steady-state conditions, the live cells did not adapt to shifts in their chemical environment and thus maintained their equilibrated chemical signature. 18 Consequently, the time dependency reflected in ATR FT-IR time series (Fig. 1) is solely due to the accumulation of biomass within the evanescent IR field. In Ogburn and Vogt, 13 it was found that employing one factor describing the cells' spectroscopic signature is adequate at least for chemical steady-state conditions. The main finding in Ogburn and Vogt 13 was that this spectroscopic signature is dependent on the biomasses chemical environment and can be utilized for predicting concentrations of atmospheric CO 2 and dissolved NO 3
À
. This sole spectroscopic MCRfactor has been matched with a single time profile (MCR- factor) which is also reasonable as the spectroscopic data were acquired from one chemically static sample. However, spectroscopic baseline shifts had been observed, which were incorporated as additional factors into the MCR algorithm in order to model them together with the real spectroscopic profile. It was empirically found that incorporating a constant offset was appropriate for this application and thus a total of two factors (or two spectral þ temporal factor pairs) have been utilized: one factor described the static spectroscopic signature which was multiplied by a time profile describing the accumulation of biomass; the other factor (pair) consisted of a horizontal line in the wavenumber direction multiplied by a second ''timeprofile'' in quotation marks. This ''time-profile'' consists of one number pre spectrum that describes how much the corresponding spectrum was shifted along the absorbance axis. After applying this MCR method, the experimental data were reconstructed in order to assess the quality of the MCR decomposition. In Ogburn and Vogt, 13 Fig. 2 compares a measured time series of spectra with its reconstruction from two MCR factor pairs; typically, correlation factors ! 0.99 between measured and reconstructed data sets had been achieved in this study.
Regarding phytoplankton's chemical profile, it has been shown in Ogburn and Vogt 13 that IR spectra of N. oculata reproducibly reflect chemical conditions in the cells' environment. This has been utilized to predict nitrate concentrations in the cells' aqueous growing environment and CO 2 concentrations in the cultures' headspace. The present study focuses on the dynamics of biomass formation and reports on how the chemical environment, namely the CO 2 and the nitrate concentrations, impacts physical and physiological parameters of microalgae and thus the biomass production.
Theory

Modeling Biosediment Formation
Based on theoretical considerations, 13 ,18 a function b t ð Þ (1) has been derived that describes the time dependency of the biosediment formation on top of the ATR crystal. More precisely, b t ð Þ describes the increasing coverage of the ATR crystal's surface with microalgae and thus the increasing strength of the spectroscopic signal. Experimental values for b t ð Þ are the time profiles that have been extracted from time series of ATR FT-IR spectra by means of MCR. Since MCR decomposes these time series of spectra into a product of spectroscopic and time profiles, there is an ambiguity which has been resolved here by normalizing the time profiles b t ð Þ to a maximum of one. Thus, b t ð Þ does not directly reflect the ATR surface area already covered with biosediment but it is proportional to that value.
In Eq. 1, b max explains the relative maximum coverage of the ATR crystal and C reflects the remaining free area of the ATR crystal at t ¼ 0 that is being covered by cells as time progresses. Thus, the value of b t ð Þ increases over time (see Fig. 5 in Ogburn and Vogt 13 ). Since live cells continue to multiply during the course of an experiment, r 0 and r max indicate the culture's cell density in the ATR cuvette at the start and in the end of the monitored time period. S cell is a measure for the cell size, t 0 denotes the time point at which the cell covering of the ATR crystal commences, and v sink a cell's sinking velocity (or buoyancy). Lastly, g indicates the culture's growth rate.
However, all of the aforementioned physiological parameters are unknown and are hypothesized to be dependent on the cells' chemical environment. In order to determine these parameters' values and to test them for environmental impacts, the model equation (Eq. 2) has been fitted to time profiles b t ð Þ (Eq. 1).
Obtaining numerical values for the model parameters y 1 , . . . , y 6 from microalgal biomasses cultured under different nutrient conditions then enables analyses of ambient impacts on the physiological and/or biological properties they represent. For such interpretations, a hard-modeling approach 14 is required. While three model parameters can directly be understood, i.e., y 1 ¼ b max , y 2 ¼ C, and y 5 ¼ t 0 , the remaining three model parameters necessitate more detailed interpretations. y 3 (Eq. 3) explains a relative increase in cell concentration during the experiment. y 4 (Eq. 4) expresses the growth rate g of cell culture scaled by the final cell concentration divided by the absolute gain in cell concentration. Interpreting y 6 (Eq. 5) is not straightforward as it links cell size, buoyancy, absolute gain in cell concentration during the experiment, and the culture's growth rate. Nonetheless, to derive more intuitive interpretations of the model parameters, y 3 , y 4 , and y 6 have been merged as outlined in Eqs. 3-8. The product y 3 Á y 4 (Eq. 6) describes the growth rate g multiplied by a gain factor in cell concentration r max =r 0 . The ratio y 3 =y 6 (Eq. 7) expresses the dynamics of area coverage S cell Á v sink ð Þ , i.e., coverage per cell which arrive on top of the ATR crystal with a certain sinking velocity, normalized by the growing cell concentration g=r 0 À Á . The product y 4 Á y 6 (Eq. 8) expresses the dynamics of area coverage S cell Á sink Á r max . Of these options, Eq. 6 is certainly the most straightforward one to interpret.
Set Eq. 3 equal to Eq. 4:
Set Eq. 3 equal to Eq. 5:
Set Eq. 4 equal to Eq. 5:
As an additional option, the product y 3 Á y 4 Á y 6 can be formed, which, however, does not offer a straightforward interpretation:
Detecting Concentration Dependencies Among
Since the model Eq. 2 is nonlinear in the model parameters y 1 Á Á Á y 6 , nonlinear least squares regression has to be applied which is hampered by the existence of numerous local minima of the residual sum of squares (RSS). In nonlinear regression, the minimization of RSS has to rely on iterative approaches which eventually will reach one of said local RSS-minima. Therefore, the fit solution depends on user-provided starting points of the iterative optimization. This also means that different solutions can be found when starting an optimization from different initial values. The choice of the starting point is thus not only crucial for the fit quality, it is also very challenging as in high-dimensional parameter spaces, a good initialization is usually not obvious. To deal with this situation, the methodology ''guided random search'' (GRS) has been introduced 19 which is based on three steps: (1) for each of the R model parameters y r¼1,..., R , lower and upper boundaries are set based on chemical insights into a particular application, i.e., min y r ð Þ y r max y r ð Þ; (2) then, numerous test vectors y test RÂ1 ð Þ are composed by uniformly sampling the R parameter ranges min y r ð Þ, . . . , max y r ð Þ ½ followed by computing the resulting RSS y test RÂ1 Fig. 2 ) which describe the likelihood that a certain y r -value results in a low RSS. In this study, the chosen ranges min y r ð Þ, . . . , max y r ð Þ ½ have been discretized into 100 bins; c (3) guided by these pdfs, more y test are successively sampled and if a new y test results in a lower RSS y test ð Þ than its predecessor, the new y test is retained as the current optimum; otherwise it is discarded. Eventually, RSS y test ð Þ reaches a semi-steady-state and the last/best y test found serves as initialization of a subsequent, iterative RSS minimization. Obviously, the more different y test are probed in step (1), the more representative the resulting pdfs are and the more often theses pdfs are probed in step (3), the more likely it is that a good initialization is found. For this application, 10 million y test were generated to build the pdfs which subsequently were probed 10 million times. Such a high demand for computation time has been addressed by taking advantage of the fact that multiple test points y test can be independently analyzed in parallel on multiple processors. 20 If shifts in the cells' chemical environment impact the biomass formation b t ð Þ (Eq. 2), different numerical values for y r are required to generate good fits and hence the pdfs y r ð Þ change. Since nonlinear regression cannot guarantee to find the ''true'' y r , pdfs y r ð Þ rather the fit parameters themselves are being analyzed as discussed now. In the ''Experimental'' section below, the impacts of atmospheric [CO 2 ] and dissolved [NO 3 À ] on the biomass formation have been studied. This has been accomplished by preparing concentration series of both nutrients followed by MCR based extraction of time profiles and nonlinear regression of Eq. 2 from which pdf y r¼1,..., R À Á result. In a following step, for each biomass sample, the values for each of the R pdfs' 100 bins could be plotted in 100 separate two-dimensional (2D) graphs (dots in Fig. 3 ). In these graphs, the x-axis displays the [CO 2 ], the y-axis the [NO 3 À ], and the z-axis the pdf y r ð Þ values of a certain bin. Such 2D graphs have been studied because it has been shown 13 that CO 2 and NO 3 À have a combined impact on the cells. In order to probe for a concentration dependency, 2D surfaces (linear [Eq. 10] or quadratic [Eq. 11]) were fitted to the bin's values (see fit surface in Fig. 3 ). The reasoning behind this procedure is that a bin's value changes when pdf y r ð Þ shifts which in turn changes when different y r are required to fit b t ð Þ (Eq. 2) well.
If a change of a pdf y r ð Þ occurs linear with CO 2 ½ , the surfaces' parameter a 1 6 ¼ 0. Similarly, a linear change of a pdf y r ð Þ with NO À 3 Â Ã causes a 2 6 ¼ 0. Quadratic impacts of either concentration results in a 3 6 ¼ 0 and a 5 6 ¼ 0, respectively. Coupling between both nutrients' impact would be reflected in a 4 6 ¼ 0. In order to test for statistical significance of the surface fit parameters a 1,...,5 , two ANOVA 21 analyses at 95% confidence have been performed: (1) the model (Eq. 10) is compared against a horizontal plane, i.e., y r CO 2 ½ , NO
in order to determine if the linear terms, a 1 and a 2 improve the model. If so, there is a linear impact of at least one of the nutrients; (2) model (Eq. 11) is tested against Eq. 10 to determine whether there are quadratic influences of the nutrients onto y r and thus the biomass formation. While this procedure can be done for each of the 100 surfaces originating from the 100 pdf y r ð Þ bins, the outcomes are only meaningful for the most likely y r values (e.g., the pdf portion marked by red arrows in Fig. 2 ). For each of the R model parameters y r , 100 values for a 0 , a 1 , a 2 , a 3 , a 4 , and a 5 result (one value for each bins) which can be plotted versus bin number or more meaningfully versus the corresponding value of y r . In other words, the surface fit parameters a 1,...,5 (Eqs. 10 and 11) describe how a y r 0 s likelihood changes as a function of the chemical environment. If for instance a surface as shown in (Fig. 3a) curves up, the likelihood that the y 4 corresponding to that bin is a good choice increases with increasing NO À 3 Â Ã . This is also reflected by the decreasing relative likelihood in bins 2 and 3 (i.e., larger y 4 values) with increasing NO À 3 Â Ã (see Fig. 3b and c) . These three surfaces together reflect that the most likely value for y 4 shifts towards smaller values as NO À 3 Â Ã increases. In conclusion, in the preceding study, 13 it had been observed that the biofilm formation, i.e., the time profile b t ð Þ (Eqs. 1 and 2, is impacted by the cells' nutrient situation. However, it has been beyond the scope of that publication to investigate whether these impacts are statistically significant. Moreover, the present study is based on hardmodeling 14 and utilizes that the six model parameters y 1 Á Á Á y 6 (Eq. 2) and combinations thereof (Eq. 6-9) carry chemical/physical/physiological meanings. Identifying which y is changing as a function of nutrient concentrations then enables an interpretation of how the biomass formation is governed by said parameters.
Experimental
Starting cultures of the microalgal species Nannochloropsis oculata were obtained from The Culture Collection of Algae at the University of Texas, Austin. Small quantities of these starting cultures were inoculated into culturing medium (''enriched seawater, artificial water,'' [ESAW]; 22, 23 tris-buffered to pH 8.2) and kept for a seven-day period under constant illumination and at 20 C. During this time, the continuous culturing method has been utilized to minimize concentration fluctuations in the liquid phase containing the cells.
To examine the effects of changing nitrate levels, five different concentrations (0.35 mM, 0.45 mM, 0.55 mM, 0.65 mM, and 0.75 mM) were dissolved into five different ESAW stocks. Five cultures per nitrate concentration were provided with five different CO 2 atmospheres in their headspace at concentrations 200 ppm, 300 ppm, 400 ppm, 500 ppm, and 600 ppm, respectively. These CO 2 concentrations were prepared by mixing CO 2 with synthetic air utilizing programable massflow controllers (Sierra Instruments). The resulting gas mixtures were continuously and slowly flushed into the Erlenmeyer's containing the cell cultures. Thus, N. oculata cultures were exposed to a total of 25 different chemical environments.
Once a culture had reached a cell density sufficient for a spectroscopic analysis, it was transferred from the growth cabinet into a FTIR spectrometer (Bruker Vertex 70). This instrument was equipped with a custom-made horizontal ATR accessory (see Fig. 1b in Ogburn and Vogt 13 ). After introducing a culture into this liquid cell, the algae cells naturally sunk to the bottom where they settled on top of the horizontal ZnSe ATR crystal (Pike Technologies) and formed a biosediment. In order to maintain a chemical steady-state environment, the liquid cell was closed with a lid but had an inlet port installed through which fresh culturing medium was provided to replace the consumed ESAW. Another inlet was hooked up to massflow controllers providing a well-defined CO 2 concentration in the cultures' headspace. In order to keep the liquid phase at a constant volume, an overflow outlet has been built into this cuvette. Similarly, a gas outlet prevented a pressure build-up in the headspace.
Fourier transform infrared analyses were set to co-add 128 scans at 4 cm -1 resolution every 4 min over the course of 24 h. However, the initial filling of the cell cultures into the ATR cuvette generated some convection which prevented the formation of a stable biosediment. Due to this, the first few spectra were very noisy and thus omitted from further analyses. Background spectra were acquired from pure ESAW containing a nitrate concentration corresponding to the culture that was to be analyzed; additionally, the atmospheric condition for background measurements were the same as for acquiring sample spectra. The strongest spectroscopic features were found in the 1350-950 cm -1 wavenumber region 13 ( Fig. 1 ) and thus this region was utilized for chemometric analyses. In order to assess the level of reproducibly, replicate cultures were prepared and analyzed for 21 out of the aforementioned 25 different chemical conditions. A total of 46 spectroscopic time series is the basis for investigating the effects of different chemical environments on the formation of microalgal biomass.
Results and Discussion
Validation of the Achieved Quality of the Nonlinear Regression
To ensure the meaningfulness of these investigations, the quality of the nonlinear regression results need to be assessed. In addition to correlation coefficients and RSS values, the accurateness of the model parameters' chemical meaning sheds further light onto this. Figure 5 of Ogburn and Vogt 13 clearly demonstrates the high correlation and low RSS that has been achieved for fitting Eq. 2 to time profiles. The chemical meaningfulness of these fits can straightforwardly be demonstrated by means of the model parameter y 5 which estimates the time point t 0 at which biosediment began to accumulate on the ATR crystal. As mentioned in the ''Experimental,'' section, the initial filling of the liquid cell with culturing medium þ cells caused convection and thus noisy spectra. Therefore, the first 200 min had been omitted from these analyses and consequently, y 5 ¼ 200 min is the expected value. A representative pdf for y 5 as determined by GRS step (1) (see section 2.2) is shown in Fig. 2 and features a high likelihood around 190 min indicating that most likely the biosediment formation started 190 min before. This value is within 5% of the experimental value of 200 min, showing that the model correctly describes this parameter. To further verify this finding and to confirm the nonlinear regression's accuracy, various tests were performed after removing different time spans from the beginning of the spectroscopic times series. It was found that the values of y 5 only deviated by 3-6% from the known starting points.
Moreover, analyzing the polynomial surfaces (Eqs. 10 and 11) which describe the likelihood for y 5 ¼ 190 min is not expected to reveal a significant dependency on CO 2 ½ , NO
. This expectation is based on the fact that, for all 46 samples, the start of biomass formation is only dependent on the time point when a sample is filled into the liquid cell but not on the sample's chemical composition. d An ANOVA analysis confirmed that none of the surfaces' parameters a 1,...,5 is significant.
Assessing Impacts on Biosediment Formation
Linking the fit Eq. 2 to the model 1 which explicitly describes the biosediment formation in chemical, physical, and physiological terms enables an interpretation of the fit parameters y 1 , . . . , y 6 . y 1 describes the relative maximum coverage e of the ATR crystal and y 2 the initially remaining free area of the ATR crystal. As time progresses, y 2 is multiplied by a time-dependent term, i.e., Figure 5a and b show the pdfs for y 1 and y 2 , respectively. In these figures, the red arrows indicate the values that have the highest likelihood to result in a good fit of Eq. 2. Such pdfs, all of which comprise 100 bins, are generated for all 46 nutrient scenarios. For each of the 100 bins, a 2D graph (see dots in Fig. 3 ) has been plotted each of which contains the 46 pdf values corresponding to a certain bin. To these data points, a polynomial surface (Eqs. 10 or 11) has been fitted (see surfaces in Fig. 3 ) to derived fit parameters a 0 , . . . , a 5 . Figure 5c and d display a 1 and a 2 as a function of y 1 and y 2 , respectively, along with red arrows which indicate ranges of the most likely values for y 1 and y 2 ; only those values of a 1 and a 2 have a chemical relevance. ANOVA analyses of a 1 , . . . , a 5 , found that only a 2 6 ¼ 0 which indicates that only NO À 3 Â Ã has an impact on the values of pdf y 1 ð Þ and pdf y 2 ð Þ but neither of the following concentration terms:
In the relevant ranges of both y 1 and y 2 , a 2 4 0 which means that with increasing NO Based on simulations (Fig. 4) , the impact of y 3,4,6 can be deduced: (1) if y 3 (relative gain in cell concentration [Eq. 3] ) is increased, the curve overall shifts downwards; however, a large change in this parameter only translates into a minute shift; (2) if y 4 ($culture's growth rate [Eq. 4]) increases, the downward curvature increases; (3) if y 6 (see Eq. 5) 
. Scenario 1 is the one that is most likely according to pdfs from which it can be concluded that the coverage of the ATR element is a fairly slow process; scenarios 2-4 have been chosen to visualize the impact of y 3 Á Á Á y 6 onto the biomass formation.
increases, the curve overall shifts downwards and the curvature increases; however, an increase in curvature requires a considerable change in this parameter. The model parameter y 3 , which describes the relative increase in cell concentration during the experiment, was found (Fig. 6) to have a large range of values that resulted in a good fit to the model function (Eq. 2). This finding is consistent with the simulations (Fig. 4) which determined that a large change in y 3 shifts only slightly the time dependent term of b t ð Þ up and down. Therefore, y 3 is not a model parameter with a strong impact and thus GRS finds a wide range of values that lead to a good regression result. Apparently, a relative increase in cell concentration does not translate into a much faster coverage of the ATR crystal. Figure 6 also shows that as y 3 reaches 0, pdf y 3 ð Þ goes to 0 as well. This suggests that the cell concentration increased during the experiment for all 46 chemical conditions. This agrees with the experimental observations of algae cultures becoming a darker shade of green during the course of ATR FT-IR measurements.
Insights into the growth rate, g, can be gained from y 4 ¼ (Fig. 6) , it can be concluded that r max À r 0 ) r 0 or essentially r max ) r 0 .
f From this follows that r max r max Àr 0 % 1 and hence y 4 % g. Moreover, an ANOVA analysis showed that equation (11) Â Ã , had no impact. Hence, the growth rate of the culture is only impacted by the concentration of dissolved nitrate but not on the atmospheric CO 2 -at least in the concentration ranges studied here. Since this is the second lowest bin, it can be assumed that the pdf y 4 ð Þ maximum and thus the most likely value for y 4 increases. This is consistent with the expectation that an increased nutrient availability results in an increased growth rate g. Figure 4 (scenarios 1, 2, and 3) supports this, too, as the time dependent term of b t ð Þ drops faster with increasing values for y 4 .
Information on some physical parameters of the algae cells, i.e., cell size and buoyancy, are described by y 6 . This model parameter also ties in absolute gain in cell concentration and the cell's growth rate. For this parameter, an ANOVA confirmed that Eq. 11 is a better model than Eq. 10, and thus there is a quadratic concentration impact on pdf y 6 ð Þ. On the other hand, only a 2 and a 5 were found to have any influence on this parameter (Fig. 7b) . From information gained form y 3 and y 4 , it has been determined that: (1) there is an increase in cell concentration; and (2) this increase is due to increasing the nitrate concentration within the growth medium. This information suggests that the value of r max Àr o g within y 6 (Eq. 5) would increase with increasing nitrate.
Additional information can be gained by fusing multiple y r together as outlined in Eqs. 6-9. As shown in Fig. 8a , y 3 Á y 4 (Eq. 6) which describes the maximum cell concentration divided by the initial cell concentration multiplied by the growth rate, was also only impacted by a 2 and a 5 . The combination y 3 =y 6 (Eq. 7) (Fig. 8b) (a) (b) Figure 7 . The slope analysis (Eq. 11) for: (a) y 4 , which reflects the growth rate g, shows that there is a linear and a quadratic impact of NO À 3 on pdf y 4 ð Þ; (b) y 6 , which links cell size, buoyancy, absolute gain in cell concentration, and the cell's growth rate, shows that there is a linear and a quadratic impact of NO À 3 on pdf y 6 ð Þ. Figure 8 . Combining the ys in various ways (a-d; Eqs. 6-9) provides greater insight into what physical and biological parameters have dependence on carbon and/or nitrate concentrations within the algal growth medium. Note: due to the numerical resolution of (b) (Eq. 7) being so low, an arbitrary axis was assigned in order to zoom in to reveal the linear and nonlinear dependency on this y-combination.
rate, was shown to only have a dependency on a 2 and a 5 , too. However, the resulting range of the x-axis for this combination is small so an arbitrary axis has been assigned to zoom in to see the linear and nonlinear dependencies. Furthermore, by means of an ANOVA analysis, it has been demonstrated that the combination y 4 Á y 6 (Eq. 8), which isolates the cell size, buoyancy, and maximum cell concentration, is only linearly depend on NO À 3 Â Ã (Fig. 8c) . The combination y 3 Á y 4 Á y 6 (Eq. 9) incorporates the absolute gain in cell concentration, cell size, and buoyancy. This combination was also shown to only have a linear dependency on NO À 3 Â Ã (Fig. 8d) . It is interesting to note that in the combinations Eqs. 8 and 9 as the growth rate g cancels, the nonlinear dependency on ½NO À 3 2 is no longer present ( Fig. 8c and d) . This is indicative that the nonlinear aspects of the model parameters are introduced by the growth rate g.
Conclusion
For predicting the future of ecosystems, it is important to understand the final storage place of anthropogenic pollutants and their impacts on organisms living within these environments. Microalgae cells are ubiquitous in marine ecosystems and sequester large amounts of inorganic pollutants out of the environment by transforming them into organic biomass. Thus, phytoplankton has a considerable impact on the chemical composition of the ecosystem. This project has developed a novel chemometric methodology and applied it to linking concentration levels of inorganic pollutants such as atmospheric CO 2 and nitrate to changes they cause regarding physiological, physical, and biological parameters of the microalgae species Nannochloropsis oculata. This analysis technique is based on time series of ATR FT-IR spectra acquired from microalgae cultures exposed to 25 different chemical conditions. To these time series, MCR-ALS has been applied to extract spectroscopic and time profiles which contain chemical and physiological/biological/physical information, respectively. Based on the latter, the present study investigated how the chemical ambience impacts the formation of microalgal biomass. For that purpose, a theoretical equation has been deduced which links said time profiles acquired under different chemical scenarios to a culture's physiological parameters such as growth rate, buoyancy, cell concentrations, etc. This hard modeling approach has been demonstrated to be an innovative avenue to study how the chemical ambience influences live biological samples. As a proof of principle, the impacts of two anthropogenic pollutants, i.e., dissolved nitrate (0.35-0.75 mM) and atmospheric CO 2 (200-600 ppm), have been analyzed regarding their impacts on the production of marine microalgae and the cells' aforementioned physiological properties. The CO 2 concentration range has been chosen to cover pre-industrial, current, and potential future atmospheres. The nitrate range has been determined to be centered around standard algae culturing procedures; in particular, the high end of the concentration range reflect conditions as they may be encountered in highly over-fertilized agricultural areas from which harmful algae blooms can result.
It was found that for the chosen CO 2 concentration range has no noticeable effect on the biomass formation of N. oculata cells.
g The nitrate concentration on the other hand clearly influenced the biomass formation and in particular a culture's growth rate was strongly and nonlinearly dependent on the availability of nitrate. 13 describes that a microalgae culture's spectroscopic signature sðñÞ reflects ambient CO 2 and NO 3 À concentrations, it was found here that the time profile bðtÞ (Eq. 1) of the biomass accumulation is statistically significant impacted only by the NO 3 À but not the CO 2 concentration. Thus, based on time series of ATR FT-IR spectra, two complementary aspects of microalgae $ environment interactions can be studied after factorizing them by means of MCR.
